This paper is concerned with gas leakage fault detection of a pneumatic pipe system using a neural network filter. In modern plants, the ability to detect and identify gas leakage faults is becoming increasingly important. The main difficulty to detect gas leakage faults by sound signals lies in that the practical plants are usually very noisy. In this research, neural networks are used as nonlinear filters to eliminate noise and raise the signal noise ratio of the sound signal. Neural networks have a self-learning ability. This ability can be utilized to build a self-adaptive nonlinear filter. By learning from practical samples of noise and adjusting coefficients of connection weights of neural networks, a neural network filter can predict the future sample values of noise based on present and previous sample values. The predicted error between predicted values and practical ones constitutes output of the filter. If the predicted error is zero, then there is no leakage. If the predicted error is greater than a certain value, then there is a leakage fault. Through application to practical pneumatic systems, it is verified that nonlinear filters with neural networks was effective in gas leakage detection from noise background.
Gas Leakage Fault Detection of Pneumatic Pipe System Using
Neural Networks
Introduction
Gas leakage detection is an important fault diagnosis technique. Especially, in chemical plants and nuclear energy generator stations, there are thousands of millions of pneumatic pipes. Gas leakage may be harmful or even dangerous to human beings and the environment. As modern plants become more and more complicated, the ability to detect and identify leakage faults is becoming increasingly important. It is very common to detect gas leakage faults from sound signals in plants (1) , (2) . The main difficulty to detect gas leakage faults from sound signals is that practical plants are usually very noisy, and in the early stage, the leakage sound is usually very weak. Hence, how to design a noise filter and distinguish a leakage sound from environmental noise is the main problem to be solved.
There are many ways to design a filter for the noise. However in most situations the priori mathematical information of the noise is needed for designing a filter (3) - (9) . In this practical application of leakage detection, the priori mathematical information of the environmental noise is unavailable. Then, it makes it very difficult to design a mathematical filter for leakage detection. Another difficulty is that, for a designed mathematical filter, the parameters of the filter are often fixed. But the practical situation may change from the designing situation. This will make the accuracy of the filter reduce greatly. Above two factors indicates that mathematical filters are not suitable for noise filters in this research.
Neural network filters can overcome these difficulties with ease (10) - (16) . The parameters of neural network filters are coefficients of connection weights of neural networks. These coefficients of connection weights are decided by learning from practical samples of noise. If the learning times are enough, the accuracy of neural network filters is very high. And, the neural network filters are self-adaptable, the coefficients of connection weights can be adjusted by learning from new samples.
In this research a leakage detection system based on neural network filters is set up, and the application to a practical pneumatic system is performed. The detection results shows that, if the signal noise ratio is greater than 0.8, the leakage sound can be detected by the neural network filter.
Research Object and Leakage Detection System
Our research object is an actual high-pressure gas production station. The gas production workshop is shown in Fig. 1 . It includes electrical motors, gas pumps, gas tanks and a pipeline system.
It is very dangerous if there exists a gas leakage in the gas production station. Then, a highly accurate and reliable gas leakage detection system is required. The gas leakage detection system is shown in Fig. 2 . The system consists of a high accuracy sound meter (RIONNL-15), a notebook computer to do data processing and leakage fault detection. The structure of detection system is shown in Fig. 3 . The sound meter is used to take sound samples from practical objects. Discrete time series sample data obtained by the sound meter are transferred into the notebook computer. Notebook computer plays two roles, one is to train neural networks and to store standard covariance data, and the other is to work as a filter to eliminate noise and to detect leakage sound by comparing sample covariance series and standard covariance series. Other digital data processing such as Fourier transform and power spectrum calculation are also performed by the notebook computer. Figure 4 shows the principle chart of a neural network filter. Practical samples are time series data. These time series data are separated into two parts. One part of the data is regarded as expected output, the other part of the data serve as input into the neural network filter and a predicted output is obtained. The error between the expected output and the predicted one is feedback to adjust the weight values of the neural network. When the error between the expected output and the predicted one is reduced to a preset value, the training of neural network is ended.
Neural Network Filter

1 Principle of neural network filter
The data to train the neural network are noise data without leakage sounds. If the neural network can perfectly work with noise data but have little effect on leakage sounds, then when there is any leakage sound in noise data, the error between the noise data and the predicted one will rise. By this method, the presence of leakage sounds can be judged.
2 Structure of neural network
The structure of neural networks is shown in Fig. 5 . The neural network used for the noise filter is a backpropagation (17) neural network with 3 layers. There are 30 units in input layers, 10 units in hidden layer and 1 unit in output layer.
The sample data to train neural networks are time series noise samples. Every sample has 1 024 values of 
The adjustment of the coefficients of connection weights is performed by the back propagation method. When the rms of errors is below 0.002, the learning ends.
3. 3 Effectiveness of filter to noise and leakage samples Here, it is necessary to make a brief introduction of measurement of sound signals. There are two measurement units are used at the same time. One is absolute unit, which is sound pressure level. Sound pressure level is calculated as Eq. (2) (18) .
p 0 is the standard sound pressure level and it is shown as Eq. (3). p is the measured sound pressure level. A sound pressure level is an average value and cannot reflect the wave magnitude of sound samples. Another relative measurement unit is used to describe the wave magnitude of sound samples. In this research, 16 bit integer numbers are used to describe the wave magnitude of sound sample. This is to say, no matter how the sound pressure level is, the sound sample are transferred into integer numbers between −32 767 and +32 767. Generally, it is enough to set the range of the wave magnitude between −30 000 to +30 000, as it is shown in Figs. 6 and 7. The vertical axis is the wave magnitude of sound samples. The horizon axis is time, and the unit of horizon axis is sampling time interval. In this research, the sampling time interval is 0.125 ms.
Practical noise sample data are used to train the neural networks filter as shown in Fig. 5 . The evaluation of the training is shown in Fig. 6 . The dot line indicates practical sample values and the solid line is output of the neural network filter. Here the neural network is used to predict the future sample values of noise based on present and previous sample values. Filtering means using the practical value to minus the predicted one, and the error of the minus is the result of the filtering. If the filter can correctly predict the future sound sample, then the error between the predicted value and the practical ones is very small, that means noise can be eliminated greatly as shown in Fig. 6 .
The coefficients of connection weights of neural networks are decided by learning from samples of noise. Leakage sounds should not be eliminated by the neural network filter. To confirm this, the leakage sample data without noise are input into the trained neural network filter, the sound magnitude values before filtering and after filtering are shown in Fig. 7. From Fig. 7 , it can be seen that the neural network filter has little influence on the magnitude of the leakage sounds.
The covariance of sound samples is used to evaluate the effectiveness of the neural network filter. The covariance of sound samples are calculated according to Eq. (4). The x i is the sound magnitude of the sample, m x is average magnitude of the sample, Here, N is data number of every sample and it is 1 024 in this sampling process.
For the noise sample shown in Fig. 6 , the covariance before filtering is 9 092.367 and after filtering is 2 919.681. On the other hand, for the leakage sound sample shown in Fig. 7 , the covariance before filtering is 9 068.267 and after filtering is 8 947.712. The comparison indicates that the neural network filter can eliminate noise greatly but has little influence to the leakage sound samples.
Experiments
From sections 3, it is not definite that the neural networks can distinguish leakage sounds because noise plus leakage sounds may produce samples with new characteristics. It is necessary to test the neural network filter with practical sample data.
1 Experiment apparatus
The neural network filter is applied to leakage sound detection of a pneumatic pipe system as shown in Fig. 8 . This pneumatic pipe system is used to provide power for a robot manipulator. The system mainly consisted of an air pump, an air tank, electromagnetic valves and a pipe system.
Four cases of working conditions are assumed. They are normal condition case, case with a 1 mm diameter hole in the pipe, case with a 3 mm hole in the pipe, and case with a 3 mm crack in the pipe. The air pressure can be changed from 0.1 Mpa to 0.5 Mpa. The noise is produced by air pump. The pipes are shown in Fig. 9 .
2 Detection experiments
The experiment has two steps. The first step is to measure environmental noise and train the neural networks filter. Here, it is supposed that the environmental noise consists of only pump noise. The sampling time interval is 0.125 ms, the data number in every sample is 1 024, the sampling channel is a mono channel and the data record length is 16 bits. In the detection, 100 sound samples are taken to train the neural network shown as Fig. 2 . The training error is shown in Fig. 10 . Then with the trained neural network filter, the detection covariance standard is calculated and stored. The detection standard is the covariance value of 100 sound samples after filtering.
The second step is the detection of leakage sounds. After installing the pipe with a 1 mm diameter hole into the pneumatic system, the system is started. The air pressure is changed from 0.1 MPa to 0.5 MPa. Before filtering, the covariance series of normal condition, 0.1 MPa, 0.3 MPa and 0.5 MPa are shown in Fig. 11. From Fig. 11 , it can be seen that the four series of covariance are almost the same. On the other hand, after filtering the covariance series of normal condition, 0.1 MPa, 0.3 MPa and 0.5 MPa are shown in Fig. 12 . From Fig. 12 , the leakage sound signals can be picked out without any difficulty from covariance series.
The sound level values are shown in Table 1 . From Table 1 , it can be seen that, when the ratio of the sound level of leakage sound and noise is greater than 0.8 (62.2/73.7), the leakage sound can be picked out accurately.
When the pipe has a 3 mm diameter hole or 3 mm Fig. 10 The training error of neural network Fig. 11 Covariance series of all kinds of samples before filtering (in experiment) Fig. 12 Covariance series of all kinds of samples after filtering (in experiment) Table 1 Sound level of all samples crack, the detection results are also correct. From these results, it can be concluded that the neural network filter is very effective in leakage detection in noise background.
Application to Gas Production Station
In order to show the possibility of application of the noise filter using neural networks, the leakage sound detection system has been applied to an actual high-pressure gas production station. The gas production workshop is shown in Fig. 1 and the pipe to produce leakage sound is shown in Fig. 13 . The leakage sound level changes with the gas pressure in the pipe. The structure of neural network filter and the detection approach is the same as those in the experiment.
The gas station is started and, after it is running steadily, 100 samples are taken and used to train neural networks. The covariance values of 100 samples of pump noise are also calculated and stored as detection standard values. And then the pipe with a 1 mm diameter hole was installed into the pneumatic system as shown in Fig. 13 (The pipe is pointed by a arrow). The system is started. The air pressure is changed from 0.1 MPa to 0.5 MPa. Before filtering the covariance values of normal condition, 0.1 MPa, 0.3 MPa and 0.5 MPa are shown in Fig. 14 , and after filtering are shown in Fig. 15 . It can be seen that after neural network filtering, the leakage sound signal can be picked out without any difficulty.
The sound level values are shown in Table 2 . From Table 2 , it can be seen that when the ratio of sound level between leakage sounds and noise is greater than 0.8(75.5/93.7), the leakage sound can be picked out accurately. This conclusion is in accordance with the results of experiment. Furthermore, as a comparison, a conventional linear prediction filter is also used to test the same sample data. From the results of the comparison, two advantages of the neural networks filter can be seen. One is that the neural networks filter has better accuracy. When the signal noise ratio is greater than 0.8, the neural networks filter can detect the leakage sound from noise. On the other hand, only when the signal noise ratio is greater than 1.2, the linear prediction filters can detect the leakage sound from noise. The other advantage is the convenience of ap- Table 2 Sound level of all samples plication. The neural network filter can be adjusted only by learning the new practical sample data. However, for the adjustment of the linear traditional filter, the whole set of parameters need to be calculated again.
Conclusion
In this research, a new method using neural network has been proposed to detect leakage faults of plants with pneumatic pipe system. Through the application to a pneumatic system, the effectiveness of neural network filter has been verified. The conclusions are summarized as follows ( 1 ) Neural networks can be successfully used as selfadaptive nonlinear filters. The great advantage of neural network filter is that they do not need any priori mathematical knowledge of filtered signals. Also, the parameters of filters can be easily changed with learning new sample data. The effectiveness of neural network filters is satisfied.
( 2 ) Neural networks have a good ability to identify nonlinear system. In this research, the neural network filter is compared with the linear prediction filter. The results show that the neural networks filter is superior to the linear prediction filter in nonlinear system identification.
( 3 ) Through this research, it is verified that the neural network filter is very effective to identify the nonlinear system. They are not only used in leakage fault detection, as a general method, but also can be used in many other fields of fault diagnosis of dynamic systems.
